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Front-view Gait Recognition
Michela Goffredo, John N. Carter and Mark S. Nixon
Abstract—We present a new method for front-view gait
biometrics which uses a single non-calibrated camera and
extracts unique signatures from descriptors of a silhouette’s
deformation. The proposed approach is particularly suitable for
identiﬁcation by gait in the real world, where the advantages
of completely unobtrusiveness, remoteness and covertness of
the biometric system preclude the availability of camera infor-
mation and where the CCTV images usually present subjects
from an upper front-view. Tests on three different gait databases
with subjects walking towards the camera have been performed.
The obtained results, with mean CCR of 96:3%, show that gait
recognition of individuals observed the front can be achieved
without any knowledge of camera parameters. Moreover, the
method has been applied to three different walking directions
and the results have been compared with the algorithms
found in literature. The performance of the proposed system
is particularly encouraging for its appliance in surveillance
scenarios.
I. INTRODUCTION
Gait biometrics, which concerns recognizing individuals
by the way they walk is a particularly challenging research
area, where the potential for personal identiﬁcation is sup-
ported by a rich literature, including medical and psycholog-
ical studies [11], [26]. The completely unobtrusiveness with-
out any subject cooperation or contact for data acquisition
make gait particularly attractive for identiﬁcation purposes.
Gait recognition techniques at the state of the art can be
divided into 3D [5], [25] and 2D approaches [27], [43]. In the
ﬁrst group, identiﬁcation relies on parameters extracted from
the 3D limb movement. These methods use a large number
of digital cameras and the 3D reconstruction is achieved after
a camera calibration process. On the other hand, the 2D
gait biometric approaches extract explicit features describing
gait by means of human body models [6], [28] or silhouette
shape [37], [39]. A rich variety of data has been collected
for evaluation of 2D gait biometrics. The widely used and
compared databases on gait recognition include: the Univer-
sity of South Florida [31]; Carnegie Mellon University [13];
and the University of Southampton [33] data. The majority
of methods and databases found in the literature use a single
camera positioned with speciﬁc orientations with respect to
the subject’s walking direction (generally capturing the walk
from the lateral view) and a large number of papers for gait
recognition have been published [16], [27].
In real surveillance scenarios, however, we need a system
that operates in an unconstrained environment where maybe
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there is no information regarding the camera [42] and where
the subject walks freely. Since CCTV cameras are usually
placed on the top corners of buildings or on corridors’
ceiling [9], the subject’s pose is generally captured from
an upper front-view. Moreover, the recent applications of
gait recognition in criminal investigation, like the case of the
murderer of Swedish Foreign Minister Anna Lindh [23], the
bank robber in Noerager (Denmark) [20] and the burglar in
Lancashire (United Kingdom) [1], have shown how the front-
view can be effectively used in forensic studies. Figure 1
shows some example images from CCTV which have been
successfully used for criminal identiﬁcation. Therefore, an
automatic gait recognition system which does not depend on
camera calibration and is able to recognise individuals walk-
ing towards the camera is attractive. 2D view-independent
gait identiﬁcation is a relatively new research area and the
approaches found in literature tend to synthesise the sagittal
view of the human body from other arbitrary views [12],
[18], [35] or to extract gait parameters which are independent
from the human pose [4], [38]. The ﬁrst choice is justiﬁed by
the fact that the lateral view has demonstrated the recognition
capability in many works [27], [43]. However, it has been
shown that a walking direction of 70o (considering 0o the
lateral view) is the upper bound of these methods, thus the
kinematic information from the front-view is not sufﬁcient
for the lateral reconstruction. There is a large number of
silhouette-based approaches for 2D gait recognition [3], [21],
[30], but only few are tested on front-view images [7], [34],
[38]. They present interesting results on a very limitative
number of subjects (n = 4) or recognition rates lower than
82% if tested on a relatively larger dataset (n = 20).
The aim of this paper is to propose a novel biometric
system for the front-view gait recognition and test it on a
large number of subjects walking towards a camera from
different gait databases. The method is based on the ability
of human beings to recognize others from the front-view,
where the body shape and its temporal variations are ba-
sic contributors to recognition [11], [36]. The silhouette’s
variation is described via 3D moment invariants on the gait
volume obtained as the set of temporal images. The gait
signature, containing both static and dynamic parameters, is
unique for every subject and includes information regarding
both the upper and the lower limbs kinematics.
Comparative tests with other algorithms found in literature
will show that the proposed method, even with a basic de-
scription of the silhouette’s deformation, allows to recognise
individuals by the way they walk not only from the front but
also from others points of view.
978-1-4244-2730-7/08/$25.00 ©2008 IEEEFig. 1. Some CCVT’s images successfully used for criminal identiﬁcation. (a) and (b): the bank robber in Noerager during the robbery and later in the
police station [20]; (c): the burglar in Lancashire [1]; (d) and (e): ’7/7’ terrorist bombings in London [1].
Fig. 2. Flow chart of the proposed method
II. THE NEW METHOD
The proposed method for the front-view gait analysis is
based on two consecutive steps: the gait cycle detection and
the gait volume description. Figure 2 shows the basic steps
of the algorithm.
A. Gait Cycle Detection
The detection of the gait cycle is generally the ﬁrst step
in gait analysis given the periodic nature of the gesture.
In order to extract the walking ﬁgure from the background
image, a background subtraction method is necessary which
can be generated by a variety of methods. We use a
standard background subtraction technique to segment the
body’s silhouette from the video sequence since the dataset
is captured in a controlled environment [2], [37]. More
sophisticated approaches can be used in a more complex and
less controlled environment.
Let IRGB(x;y;T) be the RGB frames (of size RC pixels)
at time T = [t1;t2;:::;t';:::;tF] where (x1;y1) is the top-
left corner of the image. By applying a background sub-
traction method based on the threshold of the 3 components
of the color space YUV [40], the binary image S(x;y;t')
Fig. 3. An example of silhouette extraction: (a) Background image; (b)
Original Image; (c) Extracted silhouette
has been extracted. The pixels (xsil;ysil) containing the
human silhouette have been extracted as the object with
maximum area [14]. Figure 3 shows an example background
subtraction.
Medical studies [26], [29] suggests that human gait is a
form of periodic motion and cyclic phases of the walking
sequence can be extracted. Therefore, the body’s pose during
walking changes periodically and the upper and lower limbs
move symmetrically [10], [17]. Since the width and height of
the bounding box directly depend on the limb’s ﬂuctuation,
we consider the gait ﬂuctuation as a periodic function which
depends on the silhouette width and height over time:
CF(t') = H(t')  W(t') (1)
where H(t') and W(t') are the silhouette’s height and
width at frame t' after detrending and normalizating them to
compensate the scale variation. The gait cycle is then the time
between 2 successive minima of the CF function. Figure 4Fig. 4. Gait cycle detection via the periodic function CF
shows CF versus time and the corresponding frames. The
variability of CF is high because of the asymmetric limbs
swing. Since the the positions of the minima correspond to
the gait phase where the horizontal limbs’ swing from the
front-view can be considered null, the gait cycle is extracted
successfully. Once a gait cycle is measured, a bounding box
is placed around the silhouettes over one gait period and the
cropped images are normalised with respect to the minimum
height and processed by the gait volume descriptor.
B. Gait Volume Description: signature extraction
After having extracted the G silhouettes belonging to one
gait cycle (g = 1;:::;G), the 3D gait volume V(x;y;t) has
been built by placing the edges points in a 3D space (x;y;t)
where t is deﬁned as the percentage of gait cycle
t =

0;1 
100
G   1
;2 
100
G   1
;:::;(g   1) 
100
G   1
;:::;100

(2)
and x and y are the horizontal and vertical axes normalized
by the same factor so that y = [0;:::;1] and the silhouette’s
proportions are maintained. The silhouettes’ alignment is
obtained by stacking the normalised bounding boxes over
time. Therefore, each gait sequence corresponds to a spatio-
temporal volume, whose description and interpretation is
achieved via moment invariants.
The idea of using moments in shape recognition gained
prominence when Hu [15] derived a set of invariants using
the algebraic invariants. The property that they are indepen-
dent of orientation has attracted much interest and then been
widely used in various applications. In 1980, Sadjadi and
Hall [32] ﬁrst extended moment invariants from 2D to 3D
and so far the 3D implementation has been used in brain
morphometry [24] and complex shapes classiﬁcation [19],
[22], [41].
Three-dimensional moments of a sampled volume xyt
that have a function V(x;y;t) is given as,
mpqr =
X
x2x
X
y2y
X
t2t
xp  yq  tr  V(x;y;t) (3)
where O = p  q  r is the moments’ order.
The moments of V(x;y;t) translated by an amount (a;b;c)
are deﬁned as
mpqr =
X
x2x
X
y2y
X
t2t
(x + a)
p  (y + b)
q  (t + c)
r  V(x;y;t)
(4)
so, the central moment pqr can be computed from 4
pqr =
X
x2x
X
y2y
X
t2t
(x   x)
p  (y   y)
q 
 
t   t
r
 V(x;y;t)
(5)
substituting a, b, c with the mean value of x, y, t respectively:
x =
m100
m000
;y =
m010
m000
;t =
m001
m000
(6)
Therefore, considering that the spatio-temporal volume
V(x;y;t) is obtained from the silhouettes’ edge, where the
jth point belonging to the edge of frame t is

xed
j (t);yed
j (t)

and V
 
xed
j (t);yed
j (t);t

= 1, the 3D central moments of the
gait volume are
GAIT
pqr =
X
t2t
E(t) X
j=1
 
xed
j (t)   x
p

 
yed
j (t)   y
q

 
t   t
r
(7)
where E(t) is the number of edge’s points at frame t.
Since GAIT
pqr describes the front-gait independently from
scale and translation, it is has been used as part of the gait
signature. In order to distinguish the gait properties of each
subject a feature vector consisting of O + 3 features has
been yielded. The signature is composed of the 3D central
moments of the gait volume and some scale-dependent gait
features, i.e. the number of frames for one gait cycle and the
silhouette’s height and width maximum increment.
Gait features have been classiﬁed via k-nearest neighbour
classiﬁer (k-NN) where a test signature ` belongs to the
class that minimizes the similarity distances between the test
signature and all reference signatures. More sophisticated
classiﬁer could be employed, but the interest is to evaluate
the discriminatory ability of the extracted features and to
compare the results with methods found in literature. The
leave-one-out cross validation rule has been used in order to
obtain an unbiased estimation of recognition accuracy.
III. EXPERIMENTAL TESTS
A. Gait Databases
The performance of our algorithm has been tested using
different gait databases available on line, where different
camera’s characteristics and light conditions are present:
 Small Gait Dataset of the University of Southamp-
ton [37]: 10 subjects, 10 videos per subject CASIA-B Gait Database [2]: 50 subjects, 6 videos per
subject
 CASIA-A Gait Database [2], also known as NLPR : 20
subjects, 4 videos per subject, 3 different camera views
(front, lateral, 45o)
The last dataset has been used in order to evaluate the
performance of the algorithm with images captured from
different view points, and to compare the results with other
2D methods found in literature. Example images from the
databases are shown in ﬁgure 5.
B. Results and Discussion
The new method for front-view gait recognition has been
applied to the video sequences, the gait cycle has been
extracted, the gait volume built and the feature vector,
including the moment invariants, has been calculated.
Since the extracted signature depends on the moment’s
order O, a quantitative study for choosing of the order
which better describes the gait volume has been conducted.
Figure 6 depicts the recognition rate by varying O =
[0;:::;(10  10  10) + 3] where O includes the scale-
dependent gait features. The performance grows logarithmi-
cally and from O = 1000 the CCR is 100%. Therefore
pmax = qmax = rmax = 10 have been chosen for the
following experimental tests.
Figure 7 shows two gait volumes belonging to two dif-
ferent subjects of the CASIA-B database. The signatures are
also depicted and conﬁrm their considerable discriminating
power for identifying individuals.
The percentage of recognition rate (%CCR) has been
calculated on the 3 databases and the results are reported in
table I, where k-NN classiﬁers with k = 1 and k = 3 have
been considered. The whole results are very encouraging,
with mean CCR equal to 96:3%. The mean time for pro-
cessing a signature is 2.05 s/frame (Matlab7 code processed
with 2GHz Intel CPU).
Fig. 5. Examples of front view images used in the experimental tests:
(a) Small Southampton Database; (b) CASIA-B Database; (c) CASIA-A
Database
Fig. 6. %CCR with respect to the moment’s order (on Southampton
database)
Fig. 7. Example of gait volumes and signatures for 2 subjects of CASIA-B
databaseDatabase Subjects Videos k=1 k=3
Southampton 10 10 100% 100%
CASIA-A 30 4 91:00% 90:25%
CASIA-B 50 6 97:92% 89:58%
TABLE I
CCRS ON FRONT-VIEW IMAGES FROM DIFFERENT GAIT DATABASES
Methods Lateral 45 deg Front
BenAbdelkader 2001 [3] 72:50% - -
BenAbdelkader 2002 [4] 82:50% - -
Collins 2002 [8] 71:25% - -
Lee 2002 [21] 87:50% - -
Phillips 2002 [30] 78:75% - -
Wang 2003 [38] 88:75% 87:50% 90:00%
Chen 2007 [7] 92:50% 95:00% 65:00%
Our method 100% 97:50% 91:00%
TABLE II
COMPARISON OF SEVERAL DIFFERENT ALGORITHMS ON THE CASIA-A
DATABASE UNDER DIFFERENT VIEW ANGLES
To examine the performance of the proposed algorithm,
comparative experiments have been evaluated. Seven recent
methods for gait biometrics, that are silhouette-based and
have used the same CASIA-A dataset (also known as NLPR),
have been considered [3], [4], [7], [8], [21], [30], [38].
While the ﬁrst ﬁve methods have been designed and tested
exclusively for the lateral view, the latter two allow us to
compare the performance of our approach with the front and
the 45 degree views.
The results are summarized in table II. From table II, we
can see that our method compares favourably with others.
Obviously the performance decreases from the lateral to the
front-view, because of the decrease of information regarding
the leg swing, but the decrease of CCR is higher than the
other methods. The performance of [38] is the only one
having a different trend, where the front-view presents a
better performance. To this extent, the performance trend of
our method with respect to the camera view appears similar
to [7], where the gait silhouettes are described by tiling one
period gait subsequence in a 2D polar-plane.
The whole results demonstrate how the proposed approach
allows the gait identiﬁcation not only from the front-view,
which is the main aim of this paper, but also from the lateral
and 45 degrees views. Moreover, the recognition rates, with a
mean value of 96:1%, are above the ones found in literature
and are particularly encouraging for future tests on larger
databases.
IV. CONCLUSIONS AND FUTURE WORKS
The remote and covert nature of gait as a biometric has
continued the interest in this ﬁeld. However, most approaches
to date limit their application to the lateral view, or use cam-
era calibration or even require the use of multiple cameras.
Considering real scenarios, a system which estimates the
gait parameters from a single view, without relying on the
subject’s pose or on camera calibration is required. Moreover,
images from CCTV cameras usually present subjects from
an upper front-view.
Therefore, this paper has introduced a novel method for
the front-view gait biometrics where the subject’s signature
is extracted from the description of the silhouettes’ deforma-
tion.
Tests on three different gait databases with subjects walk-
ing towards the camera have been performed and the ob-
tained results have shown that gait recognition of individuals
observed in the front-view can be achieved without any
knowledge of camera parameters. Moreover, comparative
results with algorithms found in literature reported that
the approach can identify people also from the lateral and
oblique view. Future developments will regard investiga-
tion of other techniques for the spatio-temporal volume
description and further experimental tests in uncontrolled
environments. The general applicability of the method and
the obtained recognition rate are particularly encouraging for
appliances in surveillance scenario.
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